We present a snapshot of the Exchange-Traded Fund (ETF) market in September 2011 involving 6937 ETFs with a total market value of US$2.96 trillion. We describe the market's growth since 1993 and its current composition. Only 11% of ETFs reproduce both the mean return and the volatility of their benchmark within 1% p.a. Discrepancies in replicating the mean return of the benchmark tended to be associated with either leveraged or inverse (or both) ETFs. With respect to replicating benchmark volatility most ETFs have higher volatility than their benchmarks.
INTRODUCTION
Exchange-Traded Funds (ETFs) have grown significantly in recent years, in terms of the number of funds, size of funds and trading volume. A vanilla ETF offers replication of a market index such as the S&P500, and thereby offers an investor exposure to a market index in a much more flexible manner than a conventional mutual fund. More complex ETFs offer leveraged or inverse leveraged exposure to a comprehensive range of markets. In some countries ETFs also offer tax advantages over mutual or index funds.
During 2011 cash flows into ETFs increased but asset prices fell, thus estimates of the total size of the ETF market vary, but as an indication BlackRock (2011) estimates it was approximately US$1.5 trillion (i.e. US$1.5×10 12 ) at the end of that year. The market size has doubled since late 2008.
Due to the growth of the market for ETFs, regulators around the world have become concerned at their potential for inducing (or exacerbating) market risk and instability.
In light of the growing importance of ETFs, we classify and analyse the performance of ETFs as identified in September 2011. In our snapshot, we were able to find sufficient information to classify 6937 active ETFs. We selected a subset of 822 ETFs where we were able to conduct a detailed statistical performance analysis. Our contributions are: an analysis of the composition of the largest ETF dataset considered in the literature to date; and a regression based performance analysis (from 1993 to 2011) to gain insight into the relationship between ETF characteristics and their ability to replicate both benchmark return and benchmark volatility. This paper is structured as follows. As background, we first discuss how plain vanilla ETFs and synthetic (leveraged/inverse) ETFs are constructed and the relevant academic literature. Then we describe our ETF dataset and explain the composition of the ETF market by classifying that data (involving 6937 ETFs). The regression based analysis of 822 ETFs follows.
ETF CONSTRUCTION AND LITERATURE
Here we discuss how ETFs are constructed and the relevant academic literature.
ETF construction
The ETF creator makes three basic decisions: (1) the benchmark index to use, (2) the target return (tied to the chosen index) and (3) the basket of assets to hold to achieve that return.
With respect to this first decision ETFs use a wide of benchmark indices for different asset classes. Examples include an equity index, a bond index (see Tucker and Laipply, 2013) , a commodity or a commodity index.
With respect to this second decision ETFs historically started out as index trackers, aiming to give the same return as a benchmark index. As ETFs evolved, their scope widened beyond index tracking. Leveraged ETFs, aiming to give a multiple of index return (e.g. 2×), appeared. Inverse (or short) ETFs aiming to give the negative of index return (so -1×) also appeared. Here we refer to an ETF as a L× ETF if the ETF aims to return a multiple L of the benchmark index return. An index tracking ETF is hence referred to as a 1× ETF. ETFs aiming to give a leveraged inverse (say -2×) have also now appeared. Note here that L× ETFs with L>1 are sometimes called "bull ETFs", L× ETFs with L≤-1 are sometimes called "bear ETFs".
With respect to this third decision then in the simplest case, tracking an equity index, the ETF basket can fully replicate the index. Alternatively, approaches based on replicating the index by holding a subset of the assets in the index could be used to decide the composition of the basket (e.g.
see Beasley et al (2003) and Canakgoz and Beasley (2009) for approaches to index tracking). For leveraged and inverse ETFs deciding the composition of the basket that the ETF creator should hold so as to achieve the target return is a genuinely difficult task. Consequently "synthetic" ETFs have been developed to deliver the target return of L× with respect to the benchmark index specified.
Typically swaps/futures/derivative contracts are used to deliver the promised return.
Leveraged/inverse ETFs require daily rebalancing in order to achieve promised returns. Cheng and Madhavan (2009), Rollenhagen (2009) and Little (2010) discuss leveraged and inverse ETFs in greater detail.
Once the three decisions outlined above have been made the success (or failure) of the ETF depends upon its ability to attract investors. For more detail about the creation and market making of ETFs see Gastineau (2004) , Deville (2008) , Gastineau (2010) , IndexUniverse (2011) and Investment Company Institute (2013).
As ETFs are traded their price may deviate from their underlying net asset value, NAV, due to supply and demand. Any difference between an ETF share price and the underlying NAV will give rise to arbitrage possibilities; hence ETF prices will (in practice) be arbitraged back to their underlying NAV (for example, see Engle and Sarkar (2006) , Kayali (2007) and Ackert and Tian (2008) for a discussion of the evidence supporting the hypothesis that ETFs trade close to their underlying NAV).
ETF literature
Here we have focused primarily on published academic literature. ETFs were introduced in the 1990s; some early issues around their introduction are discussed in Kupiec (1990) and Gastineau (2001) . Poterba and Shoven (2002) provided some statistics on the growth of ETFs since their introduction in the 1990s. Boehmer and Boehmer (2003) considered the introduction by the New York Stock Exchange of trading in three large ETFs (SPY, QQQ and a Dow Jones ETF, DIA), plus a number of smaller ETFs, that had previously only been traded on other exchanges. Kostovetsky (2003) examined the conditions under which it is preferable for an investor to invest in an (index tracking) ETF as compared with a conventional index tracking mutual fund. Alexander and Barbosa (2008) examined the hedging problem which arises in ETF creation/redemption when the basket underlying the ETF shares involves illiquid stocks with relatively high transaction costs. Mariani et al (2009) examined the return distributions of three ETFs and their corresponding benchmark indices using a Levy model. Avellaneda and Zhang (2010) , Giese (2010) and Jarrow (2010) presented models for a leveraged (and inverse) ETF by assuming that the ETF follows a diffusion process. Guedj et al (2010) considered the problems associated with daily rebalancing of leveraged/inverse ETFs and the shortfalls that might result for investors holding such ETFs. Lin and Mackintosh (2010) discussed issues related to tracking error calculations for ETFs. Dobi and Avellaneda (2012) agued that as daily rebalancing by managers of leveraged and short ETFs is predictable this negatively impact their returns. Borkovec and Serbin (2013) investigated the liquidity and trading costs for 12 ETFs that track US equity indices. Marshall et al (2013) discussed the evidence for mispricing between two liquid ETFs that both track the S&P500.
With respect to papers that focus on ETF performance we present Exhibit 1, where we summarise the scope of each study (ETFs covered) and its conclusions. Clearly within the confines of an academic paper it is impossible to fully summarise the 29 studies seen in Exhibit 1. However that exhibit is provided here to enable the reader to investigate further if they are interested in a particular study.
INSERT EXHIBIT 1 HERE ETF SNAPSHOT
For our snapshot of the ETF market, information was collected from Thomson Reuters DataStream (2011a) in September 2011. The information available on each ETF varied, from a full price history of the ETF and its underlying benchmark, to little more than the name of the ETF and an indication as to whether the ETF was still active or not. This variation in the information available for each ETF inevitably leads to a decrease in the size of the dataset as the complexity of any analysis attempted increases. We found a total of 8192 ETFs of which 7198 were active and 994 were dead or to the end of 2010 (the last full year for which we have data) the number of ETFs increased at a compound rate of 55% per year. In the 12 months to September 2011, the date of our snapshot, 1578 new ETFs were launched, a creation rate of over 6 ETFs per trading day. Of these 8192 ETFs, 902 are leveraged/inverse ETFs. There are 2018 different underlying benchmarks associated with these 8192 ETFs.
INSERT EXHIBIT 2 HERE
All ETFs were classified into one of several major categories (e.g. Single Market Equity Tracker), and then further subdivided within those major categories (e.g. Real Estate Sector). The results of this classification are shown in Exhibit 3; the first column shows the major classification, the second column the sub-classification; within each sub-classification the number of active ETFs for each desired return (e.g. L×) is given; the final two columns give the total number of active and dead/suspended ETFs within that sub-classification.
INSERT EXHIBIT 3 HERE
As can be seen from Exhibit 3 the vast majority of the 6937 active ETFs track equity indices, 2607 ETFs (37.6% of active ETFs) track single market equity indices, 2272 (32.8%) multi-market equity indices. The next most common categories are commodity (13.5%) and bond (12.4%) trackers.
In terms of the type of performance expected, 87.7% of active ETFs are simple trackers (1×); 4.4% are inverse ETFs (-1×), so offering the equivalent of shorting the underlying benchmark; 4.3% are leveraged (2×,3×); 2.5% are inverse leveraged (-2×,-3×); 0.8% offer excess return.
In Exhibit 4 we show the creation date of the 6937 (currently) active ETFs as seen in In terms of the size of each ETF we were able to get the market value (total NAV) for approximately 30% of active ETFs. Information from DataStream (Thomson Reuters DataStream 2011b) indicated that they rely on ETF providers to supply this information and some do not. It was clear from our data that lack of market value information was more of an issue with newer ETFs than older ETFs. For example we had market values for 65% of the ETFs created before 2006; for ETFs created in 2010 we had market values for just 21%. The available market values (MVs) are summarised in Exhibit 5, all converted into US$ for ease of comparison. Over half the market value is in single market equity trackers; nearly 70% of market value is in equities in some form. We can see 20.9% of market value is in commodity trackers despite being only 7.4% of active ETFs by number.
Commodity trackers have the highest mean market value; this contrasts with multi-market equity trackers which have a comparatively low mean market value. Comparing the mean and median ETF size (as in the ratio column in Exhibit 5) reveals that the distribution of ETF MVs within each sector is highly skewed. This is most clearly apparent for commodity trackers, where the ratio is 59.7 (so the mean ETF MV is nearly 60 times larger than the median ETF MV). In fact in this category 95% of the total MV is concentrated in 10% of the ETFs by number.
INSERT EXHIBIT 5 HERE
One point of interest from Exhibit 5 relates to the total size of the ETF market. BlackRock potentially underestimate the total size of the market. In Exhibit 5, which uses data for 2125 ETFs (31% of 6937 active ETFs) we find a total market value of US$2.96 trillion (so approximately US$3 trillion). As with commodity trackers, there is a distinct Pareto effect in ETF market values: 13% of ETFs represent 90% of market value; 7% of ETFs make up 80% of total market value. In fact the ETF market is so highly skewed that just 28 ETFs make up 50% of total market value.
We now look at the larger categories of ETFs in more detail. Firstly, in Exhibit 6, we consider single market (country) equity ETFs, the performance of these ETFs is linked to an index in a particular country, either a market index or a more specialised sector index. Exhibit 6 shows the top twenty countries ranked by ETF MVs, the number of ETFs is also shown. We can see that the United States dominates with 25% of total MV; ETFs following indices in China represent 17%, Japan 15%.
The remaining BRIC countries (Brazil, Russia, India) represent 7% of total MV. Considering ETF numbers, 40% follow the United States; roughly five times more than follow the next most popular single country, China.
INSERT EXHIBIT 6 HERE
Secondly, we consider equity ETFs following multi-market (country) indices. Exhibit 7
shows the top twenty (by MV) indices tracked. It can be seen that MV is highly concentrated, with 29% of MV associated with ETFs following emerging markets. EAFE (Europe, Australasia and Far East) countries account for 24% of MV; Europe accounts for 20% and ETFs following global indices account for 16%. With respect to the number of ETFs 40% track European, and 25% global, indices.
INSERT EXHIBIT 7 HERE
Thirdly, we consider commodity based ETFs and in Exhibit 8, we show the top ten commodities or commodity indices tracked. Again MV is highly concentrated; with ETFs tracking gold accounting for 53% of MV and ETFs tracking WTI (West Texas Intermediate) or Brent oil futures contracts accounting for 38% of MV. The third largest commodity tracked by MV is silver with 5% of market value. Taken together these three commodities account for approximately 96% of total MV associated with commodity ETFs. In terms of the number of ETFs, 11% follow gold, 8% follow general commodity indices (Dow Jones -UBS Commodity index or the S&P GSCI), 6% follow platinum or palladium and 5% follow silver.
INSERT EXHIBIT 8 HERE ETF PERFORMANCE ANALYSIS
The term performance is used here to denote the accuracy with which an ETF replicates the return behaviour of its benchmark. We first discuss how our database of ETFs for performance analysis was selected and then present the statistics we calculated.
We draw our performance database from the 2125 active ETFs for which we had a market value (recall from Exhibit 5 that their total MV was US$2.96 trillion). Since our snapshot is as at the end of September 2011 we excluded any ETFs that were created after September 2009 (so we had at least two years of data), and this left 1413 ETFs as potential candidates for analysis. For these candidates we collected daily price and benchmark index values from DataStream with which to calculate daily returns. The price series for some ETFs were intermittently reported so unless an ETF had at least 70% of possible return observations available it was not included in our performance database. A small number of ETFs were also excluded as a result of a preliminary analysis which indicated that they appeared to be outliers, probably due to a misinterpretation on our part as to the underlying benchmark index. Our performance database, after the process described above, contained 822 ETFs with a total MV of US$1.81 trillion, so we captured in our database 61% (=100(1.81/2.96)%) of ETFs by MV. The ETF with the most return observations in this database, 4755 dating from 1993, was the very first ETF, the SPDR Trust SPY, which tracks the S&P500.
These 822 ETFs were associated with 444 different benchmark indices and are summarised in Exhibit 9. In total our performance database contained over 1.1m daily return observations.
INSERT EXHIBIT 9 HERE
To perform our analysis, we used returns based on the daily price changes, i.e. the return on an ETF at (trading) day t is r t = (ETF price at day t minus ETF price at day t-1)/(ETF price at day t-1).
We define the benchmark return B t on day t for a L× ETF using B t =L(ETF benchmark index return on day t), this allows us to compare L× ETFs with varying values for L (either positive or negative) in a consistent manner. Our use of simple returns, rather than log returns (i.e. r t = ln(ETF price at day t/ETF price at day t-1)), is motivated by the fact that typically L× ETFs target simple return. Moreover if return is small then simple return and log return are approximately equal (Connor et al (2010) ).
However we would note in passing that log returns are common in quantitative finance and their use when we are interested in temporal behaviour has been recommended (Campbell et al (1997) ).
Since the value of an index ignores transaction costs in its computation and the computation of the net asset value of an ETF takes transaction and management costs into account, the return on the ETF is likely to fall below that of the index it tracks. However, an investor holds an ETF with the expectation that its return behaviour {r t } will closely mimic the return behaviour {B t } of the underlying benchmark index, subject to these costs. The relative performances can be summarised by average return and volatility. Let us define: 
Underperformance in mean return
In Exhibit 10, we compare the mean return of each ETF with that of its benchmark using all the data available for each benchmark (shown as % p.a. 
INSERT EXHIBIT 10 HERE
In order to gain insight into the relationship between ETF characteristics and their performance in replicating benchmark return the factors we consider are the degree of (inverse) leverage required; the category of the benchmark; the periods over which the returns were observed.
The following regression was estimated: Given equation (4) and the fact that underperformance occurs if (µ B -µ r ) is positive a negative coefficient (θ 1 to θ 12 ) indicates a factor that contributes to reducing underperformance, a positive coefficient a factor that increases underperformance. For all of the regression results given in this paper we only regard a regression coefficient as significant if it has a p-value of 0.01 or less (so a 1% significance level).
The estimation results are summarised in Exhibit 11, where the significant regression coefficients have been highlighted. The R 2 value is only 11%, which means that much of the variation in (µ B -µ r ) is unexplained. However, on average, both inverse trackers and leveraged trackers have significantly greater underperformance than a single equity tracker (since they have significant positive coefficients in Exhibit 11).
INSERT EXHIBIT 11 HERE
Looking at equation (2) underperformance can be decomposed into failing to fully capture the direction of changes in the benchmark, measured by (1 -β)µ B , or failing to capture the level of returns, measured by -α. The median (upper quartile) value of (1 -β)µ B is 0.00072% (0.00407%) per day, whereas the median (upper quartile) value of -α is -0.00069% (0.00830%) per day. To obtain more insight into the reasons for these failures, we repeat the regression in equation (4), firstly with |1 -β| (using the deviation of β from one as a measure of failure to capture directional change) and secondly with α (as a measure of failure to capture the level of returns) as dependent variables.
The results are shown in Exhibit 12. Considering the left-hand panel first, only 20% of the variability of the deviations |1 -β| are explained by ETF characteristics. Considering the significant coefficients, we see that inverse and/or leveraged ETFs tend to achieve β closer to one than simple single market equity ETFs. Bond ETFs also tend to achieve β closer to one. The positive coefficient associated with market value indicates that larger ETFs perform less well in capturing β. The negative coefficients associated with the start dates indicate that β is better captured by those ETFs with earlier start dates, but the effect is not significant for start dates earlier than 2000.
INSERT EXHIBIT 12 HERE
Considering the right-hand panel of Exhibit 12, we see that only 17% of the variation in α is explained by ETF characteristics. Inverse and/or leveraged ETFs tend to fail to reproduce the level of the benchmark return. There is a slight difference due to the type of benchmark, bonds tend to do worse than the rest. The positive coefficient associated with market value indicates that larger ETFs perform better.
In summary, a non-negligible proportion of ETFs underperform their benchmark in terms of return. Although there is a slight difference due to the type of index tracked, underperformance tends to be concentrated in inverse and leveraged ETFs. For each ETF, this underperformance is due to an aggregation of transaction and management costs coupled with inaccurate tracking (net of costs). Due to the complexity of constructing inverse and/or leveraged ETFs, we infer that inaccurate tracking is a major contributor to underperformance.
Underperformance in volatility
In Exhibit 13, we compare the volatility (% p.a.) of each ETF with that of its benchmark using all the data available for each benchmark. The diagonal line in Exhibit 13 divides the plot into two 
INSERT EXHIBIT 13 HERE
In order to gain insight into the relationship between ETF characteristics and their performance in replicating benchmark volatility the following regression was estimated: factor that contributes to greater excess volatility, a positive coefficient a factor that reduces excess volatility.
INSERT EXHIBIT 14 HERE
The R 2 of the regression is only 17% so much of the variation is unexplained. However, the variables that have a significant negative effect (leading to greater excess volatility) are those that identify the category of bond and multi-market tracker trackers.
From equation (3), we see that the difference in variance has two components:
σ due to failure to capture changes in benchmark returns; 2 ε σ due to noise in the tracking process. These components are similar in importance, the median values are 0.61 and 0.88 (% per day) 2 respectively.
We repeat the regression shown in equation (5) 
INSERT EXHIBIT 15 HERE
Considering the left-hand panel of Exhibit 15, the departures of β 2 from unity are not well explained by the regression with a R 2 value of only 15%; that is there is a large amount of unexplained variation. This is a similar analysis to the left-hand panel of Exhibit 12 with a different way of representing the departure of β from one; consequently the findings are similar with the extra suggestion that multi-market ETFs capture β better than single market ETFs.
Considering the right-hand panel of Exhibit 15, where ln( 2 ε σ ) is the dependent variable, we are seeking to explain the extent of the variability in an ETF's tracking of its benchmark. This regression has a R 2 value of 30%. This variability increases for commodity and multi-market ETFs, decreases for bond and currency ETFs. The values for the start date coefficients suggest that variability increased during the period of the 2007-8 financial crisis.
To summarise, the volatility of the benchmark is exceeded by most ETFs; the discrepancy in volatility is caused in roughly equal proportions by failure to capture the direction and size of changes in returns of the benchmark (β) and by the variability in the tracking process ( 
CONCLUSIONS
We have presented a snapshot of the current composition of the market for ETFs and its rapid 
